1) Introduction
The determinants of industrial location have been widely investigated both theoretically and empirically (Hayter 1997 , Arauzo et al. 2010 . However, little is known about the geographical scope of these determinants (Rosenthal and Strange 2003, Jofre-Monseny 2009) . Most empirical studies use dependent and explanatory variables measured at the available administrative level (provinces, regions, states, etc.) and therefore implicitly assume that the effects the covariates may have on the dependent variable are restricted to span over the geographical area defined by the administrative unit. This assumption, however, is at odds with the theoretical foundations of the New Economic Geography (Fujita et al. 1999 , Fujita and Thisse 2002 .
What, then, is the (possibly optimal) level of spatial aggregation that should be used when investigating the determinants of industrial location? This is a central question in empirical studies because the use of spatial units that differ from those effectively used by agents may bias results to an unknown extent (see, for example, Amrhein 1995) .
1 This is also critical for the suitable design and implementation of local public policies aimed at supporting the creation of new firms (Lee 2008 ) since a misleading choice of the geographical unit may result in underperformance of a government's investment and, ultimately, in a waste of public funds. Yet this issue has received scarce attention in the literature.
Some studies have acknowledged the importance of accounting for the geographical scope of the covariates by including among them distances (for example, to a major city or infrastructure, as in e.g. Guimarães et al. 2000 and Figueiredo et al. 2002) , spatial effects and/or spatially lagged variables (AutantBernard 2006 , Lambert et al. 2006 , Alañón et al. 2007 ). The statistically significant coefficients they generally report indeed indicate that the assumption of no geographical scope in the determinants of industrial location does not hold. However, the question of what geographical extension these determinants may have remains unaddressed.
In this paper we seek to (partially) fill this gap in the literature by examining the extent to which the establishment of new concerns in a particular site is driven by the characteristics of that particular site and/or by the (average) characteristics of the surrounding area. Specifically, we estimate standard count data models for the (per period) number of new concerns created in a particular site and compare the results obtained from using explanatory variables constructed from administrative records with those obtained by calculating the geographical scope of the explanatory variables that have spatial variation. In particular, we use different distances (some of which roughly define functional territorial units such as Travel-To-Work-Areas-TTWAs-and administrative territorial units such as counties) and spatial autocorrelation measures calculated at the global and local level to construct the spatially lagged variables. Results using data from Catalonia indicate that the usual practice of using administrative records as covariates without making some kind of spatial correction may provide misleading conclusions.
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The rest of this paper is organised as follows. Section 2 reviews previous related studies and discusses the empirical strategy. Section 3 deals with the evidence: we first present the data set, then the spatial explanatory analysis and finally the main econometric results. Section 4 provides our conclusions.
2) What do we know about the geographical scope of the determinants of industrial location and how can we empirically investigate it?
Related studies
When an individual entrepreneur or an established firm has to choose the location of a new establishment, do they look at the characteristics of just a narrow area (as defined, for example, by municipalities, TTWA or counties) or do they care more about the characteristics of a larger, broader area (as 2 Catalonia is an autonomous region of Spain that has about 7 million inhabitants (15% of the Spanish population), covers an area of 31,895 km 2 and contributes 19% of Spanish GDP. The capital of Catalonia is the city of Barcelona. Counties in Catalonia are known as "comarques". defined, for example, by provinces, regions, or states)? For example, if the availability of skilled labour is one of the main determinants of location decisions (Coughlin and Segev 2000) , where do new concerns look for it? Do they require skilled workers who live where they are planning to locate or is it enough for them to have this input scattered over a nearby area (perhaps with good commuting infrastructures)?
These questions are key for economic policymakers because they ultimately determine the level of geographical aggregation that should be taken as reference in the design and implementation of local policies (Lee 2008) . They are also important for researchers interested in the topic because omitting the geographical scope of the determinants may entail a severe specification error (Amrhein 1995) . However, as Arauzo et al. (2010) show in their recent review of the literature on empirical industrial location, these questions have only been partially and/or indirectly investigated.
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Among the studies that have partially investigated this issue (in the sense that they focus on a single determinant of the industrial location process) is the seminal contribution of Rosenthal and Strange (2003: 377) on "the geographic scope of agglomerative externalities". These authors conducted a microgeographic analysis of agglomeration using ZIP codes as a geographical unit, therefore measuring the spatial extent of agglomeration economies in terms of mile-rings rather than administrative units. "The paper's most important finding is that agglomeration economies attenuate with distance". 4 Among the studies that have indirectly addressed the issue, one strand of the literature has used distance (either in time or in km/miles) to link the sites where firms locate with the principal characteristics of the surrounding areas. We may therefore find extensive evidence on the role of distance to transport 3 In addition to the different strands of empirical industrial location literature, some related studies have investigated the MAUP (Openshaw and Taylor 1979) . However, these studies were generally not concerned with the determinants of industrial location but with issues such as the spatial distribution of new concerns Overman 2005 and and the estimation of wage and gravity equations (Briant et al. 2008) . 4 See also Jofre-Monseny (2009) for a recent application to the same Spanish region that is investigated here.
infrastructures (e.g. Holl 2004a (e.g. Holl , 2004b , to main cities (e.g. Guimarães et al. 2000 and Figueiredo et al. 2002 ), to Central Business Districts (e.g. Finney 1994 and Wu 1999 , to markets (e.g. Kittiprapas and McCann 1999 and van Dijk and Pellenbarg 2000) , to suppliers (e.g. van Dijk and Pellenbarg 2000 and Klier and McMille 2008) , to universities (e.g. Egeln et al. 2004 and Woodward et al. 2006) , and to the home country in the case of FDI (e.g. Crozet et al. 2004 and Disdier and . Notice, however, that these studies implicitly assume that all the geographical scope that may exist in the determinants of industrial location is somehow embedded in the measure of distance.
Other related studies have analysed how the results are affected by the selection of a particular territorial level. Arauzo and Manjón (2004) , for example, compare results from different aggregation levels and conclude that firms seem to choose mainly between medium-size administrative units ("comarques") rather than between small administrative units (municipalities). Arauzo (2008) to provide a brief discussion of how we intend to investigate the issue.
Empirical strategy
Our empirical strategy is similar to that used to study the MAUP (Duranton and Overman 2005 , Briant et al. 2008 ) and the geographical scope of agglomeration economies (Rosenthal and Strange 2003, Jofre-Monseny 2009 ).
In essence, our idea is to compare results from a baseline specification that reproduces a widely used model in the literature (using variables measured at the smaller available functional/administrative unit) with those obtained when A)
we replace the explanatory variables that have spatial variation by their spatially lagged versions, or B) we add to the baseline specification spatially lagged versions of the original spatially varying explanatory variables. Individually and jointly significant coefficients associated with these spatially lagged variables would provide the first evidence against the usual implicit assumption of no geographical scope in the determinants of industrial location. In addition, specification tests and model selection criteria should indicate that the extended specifications (i.e. with spatially lagged variables) perform better than the baseline specification. 5 5 As is common in the industrial location literature, our empirical strategy implicitly assumes that the administrative unit to which variables refer is indeed the spatial unit that agents effectively use when taking location decisions. Since we are using municipalities data, we believe that this is a plausible assumption (see, however, Arauzo and Manjón 2004 and Arauzo 2008) . One may still argue that this assumption may not hold for large municipalities and metropolitan areas, so we performed some robustness tests that essentially meant dropping from our data set municipalities with more than 250,000 people (in our case, the city of Barcelona) and those that are part of a metropolitan area (around the cities of Barcelona, Girona, Lleida, Manresa and Tarragona). Though results barely changed in the first case, we found that dropping the metropolitan areas from our sample provided different results from those reported below in terms of preferred specification and neighbourhood criterion (though not much in terms of value and significance of the marginal effects). This may be interpreted as evidence that the location processes in metropolitan and non-metropolitan areas are different (Arauzo and Viladecans We implement this idea using count data models. 6 In particular, since our data is characterised by "overdispersion" and an "excess of zeros" (see Mullahy   1997 and Table 3 Trivedi (1998, 2005) in using the following statistics to determine which specifications perform better for our data: the value of the log-likelihood function (denoted by "Log L" in the tables of results), the Akaike Information Criterion ("AIC"), the Chi-Square Goodness-ofFit test ("GoF Test"), the Likelihood-Ratio test for the joint significance of the model ("LR Joint Test"), an LR-type test between the ZIPM in the ZINBM based on the null hypothesis of "equidispersion" ("LR Inflated Test"), and a non-nested testing procedure that discriminates between Poisson and Negative Binomial models and their respectively inflated specifications, ZIPM and ZINBM (the so-
Notice, however, that to address the central question of which level of spatial aggregation should be used when investigating the determinants of industrial location, we ultimately need to compare estimates obtained from using spatially lagged covariates constructed for different distances. Ideally, this would mean estimating alternative specifications for each combination of the set of explanatory variables with spatial variation that results from alternative spatially lagged values calculated over the range of possible distances (for example, from zero to the maximum distance between the spatial units of the 2009). However, for the sake of simplicity we do not explore this possibility here but leave it for future research. 6 One reason for using count data models is that they are probably the most popular specifications in recent empirical studies of industrial location (Arauzo et al. 2010 ). Another reason is that, at least in our empirical strategy, they have a comparative advantage over discrete choice models (the other specification used in this literature) when detecting misspecifications arising from a misleading definition of the geographical scope of the determinants. This advantage arises from the fact that as discrete choice models distinguish between location determinants related to the agent taking the decision and those related to the set of spatial units from which the choice is made, detecting such misspecifications would require correctly specifying the vector of entrepreneur/firm characteristics (otherwise the conclusions may be misleading). This is obviously not necessary in count data models because they only consider the characteristics of the spatial units. Anselin (1995) to compute the spatially lagged variables.
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Within these two major constraints, we have considered a wide range of distances that are consistent with the characteristics of the region we are analysing (Catalonia). In particular, we have explored 10 km variations ranging from 10 km to 100 km. The lower limit of the range and the 10 km increments were given by the average distance (rounded to the first digit) between municipalities (5.8 km). Another reason for using 10 km variations was the fact that, since the average distance between TTWAs and between "counties" in Catalonia is 20.8 km and 27.9 km, respectively, this allow us to somehow 7 When using Moran's I, we replace the value of the original variable with the value of the spatially lagged variable. When using LISA, we replace the value of the original variable with the value of the spatially lagged variable if there is a significant spatial autocorrelation in that particular municipality (otherwise the value of the original variable remains unchanged).
consider functional and administrative units. 8 That is, we can interpret results obtained from 20 km and 30 km as being representative of functional and administrative units, respectively. Finally, the upper limit arises from calculations of Moran's I, which becomes practically negligible for distances over 100 km (see Figure 1 below ).
In summary, our empirical strategy entails comparing results from alternative count data models (NBM, ZIPM and ZINBM) that use explanatory variables constructed from administrative records with those obtained by either replacing them with or adding to them spatially lagged variables calculated using different distances (10 km variations ranging from 10 km to 100 km) and alternative spatial correlation measures (Moran's I and LISA). In particular, we estimate the following specifications:
• Specification 1: Baseline model using municipalities data.
• Specification 2.A: We replace the explanatory variables of the baseline model that have spatial variation with spatially lagged variables calculated using Moran's I and a neighbourhood criterion varying from 10 km to 100 km (10 km variation).
• Specification 2.B: We add to the explanatory variables of the baseline model spatially lagged variables calculated using Moran's I and a neighbourhood criterion varying from 10 km to 100 km (10 km variation).
• Specification 3.A: We replace the explanatory variables of the baseline model that have spatial variation with spatially lagged variables calculated using Moran's I and a neighbourhood criterion varying from 10 km to 100 km (10 km variation) if LISA indicates a significant spatial autocorrelation (otherwise the value of the original variable remains unchanged). . As for the TTWAs, according to Boix and Galletto (2006) there are 74, with an average area of 433 km 2 . 9 We did not consider Specification 3.B, i.e. one in which we would add (rather than replace the original variables by) the spatially lagged variables calculated as in Specification 3.B because the high correlation between the original variables and these spatially lagged variables (around 0.95 in 6 of the 18 variables) resulted in severe multicollinearity.
3) Data, spatial exploratory analysis and econometric results

Data
To perform the empirical analysis described in the previous section, we use data on the location of new manufacturing establishments in the municipalities • Education. Percentage of population older than 10 years of age with technical secondary school (TEC_SEC), percentage of population older than 10 years of age with secondary school (SEC), percentage of population older than 10 years of age with a 3-year degree (DEG), and percentage of population older than 10 years of age with a 4-year degree or a PhD (DEG_PHD).
• Transport infrastructures. Travel time to the capital of the province (TT_CP), dummy for rail station (RAIL), travel time to the closest airport (TT_AIR) and travel time to the closest port (TT_PORT).
• Knowledge. Jobs in high-tech industries (JOB_HT) and in high-tech manufacturing industries (JOB_HT_MA).
• Commuting. Population working and living at municipality "j" over jobs at "j" (POP_JOB) and population working and living at "j" over population living at "j" and working at "j" or elsewhere (POP_JOB_E).
• Population. Population aged between 20 and 44 (POP_20_44).
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• Location. Dummies for the municipalities of each province (GIRONA, LLEIDA and TARRA, with Barcelona's municipalities as the residual category), a dummy for the capitals of "comarques" (CAP_COM), a dummy for shore-line areas (COAST), distance (km) to the nearest city with at least 100,000 inhabitants (DIST_100), and distance (km) to the capital of Catalonia (DIST_CAT).
• Firms. Percentage of small firms (FIRM_SMALL).
[INSERT TABLE 1 HERE]
Spatial Exploratory Analysis
We calculate the spatially lagged variables as W_X = WX, where X is a matrix containing the spatially varying explanatory variable and W is an appropriate (row standardised) spatial neighbour matrix. This spatial neighbour matrix is a symmetric matrix with 1/0 values (divided by its row sum) depending on whether every two sites are considered as neighbours (here neighbourhood is defined in terms of a predefined distance). In particular, we use 10 neighbour matrices, where the neighbourhood criterion ranges from 10 km to 100 km with 10 km variations. This means that, for example, two municipalities located within an area of 20 km are not considered neighbours according to the first criterion (i.e. they have a value of 0 in the corresponding 10 km spatial neighbour matrix) but are considered neighbours according to the second criterion (i.e. they have a value of 1 in the corresponding 20 km spatial neighbour matrix). These matrices are also used to calculate the Global Spatial Autocorrelation (Moran's I) and the Local Index of Spatial Association (LISA) of each spatially varying explanatory 10 We use residential population as the only explanatory variable in the inflated part of the ZIPM and ZINBM. The coefficient associated with this variable was negative and statistically significant in all our specifications. variable (except for those variables that are based on distances, since it would be meaningless to do so).
[ INSERT FIGURE 1 HERE] In Figure 1 we graphically report Moran's I for each of these spatially varying explanatory variables. Spatial autocorrelations are non-negligible for variables related to population, education and agglomeration economies, which means that, at least for these variables, using values measured at the municipality level may lead to biased estimates due to the omission of their geographical scope (Amrhein 1995) . Also, Moran's I estimates are generally small and diminish with distance. In fact, estimates for distances of over 100 km are practically zero.
[INSERT FIGURE 2 HERE]
However, as the Global Spatial Autocorrelation is the result of simultaneous measurements for many locations, it is often useful to compare its values with those obtained using local measures of spatial autocorrelation. In this way we can assess the extent to which the results are driven by spatial autocorrelation phenomena occurring in specific areas of the analysed territory. To illustrate the problem, let us consider the urbanization economies. As this variable has the highest Moran's I (0.4399) when the 10 km neighbour matrix is used, one could conclude that this variable is spatially correlated across all the municipalities in Catalonia.
[ INSERT FIGURE 3 HERE] This conclusion would be misleading, however. As Figure 2 shows, urbanization economies are in fact not spatially correlated for a great deal of municipalities. Also, Figure 3 shows that a wider definition of neighbourhood (in this case, municipalities within a 40 km range) implies lower values of the local spatial autocorrelation and a higher number of positively autocorrelated municipalities.
This example illustrates the importance of comparing results across different neighbourhood criteria.
Model Selection and Estimates
The large number of specifications (99) we consider makes it unfeasible to report the whole set of econometric results.
We will therefore compare and select some of the specifications in terms of their fit and report detailed results for these only. In Table 2 we therefore report the values of the log-likelihood function (Log L), the Akaike Information Criterion (AIC) and the Chi-Square Goodness-of-Fit test ("GoF Test") for the various specifications (baseline, 2.A, 2.B and 3.A), models (NB, ZIP and ZINB) and distances (10km to 100km).
[INSERT TABLE 2 HERE]
Several trends can be observed for the figures in Table 2. 11 First, the inflated versions of the count regression (ZIPM and ZINBM) perform better than the NBM in terms of log-likelihood and AIC. Second, the baseline model provides a good fit but is generally beaten by the specifications that account for the geographical scope of the determinants (particularly by specifications 2.B and 3.A). Third, the best fit seems to be obtained in the 40 km-80 km range. Fourth, except for specification 2.A with a neighbourhood criterion of 60 km (and less clearly for a neighbourhood criterion of 70 km), the GoF Test indicates that most specifications are likely to be misspecified.
However, this exercise of model comparison and selection may be subject to a pre-testing bias. For our purposes this means that we cannot categorically conclude that the geographical scope of the determinants of industrial location spans a range of exactly 60 km. However, we can confidently reject the usual practice of using covariates measured at the available administrative level. This conclusion is further supported by the individual and joint statistical significance of the spatially lagged variables.
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Bearing in mind these caveats, we then concentrate on analysing the baseline specification and the models that provide a good fit while appearing to be well specified. In Table 3 , therefore, we only report tests and estimates of the marginal effects obtained from the baseline model and specification 2.A, in which we replaced the explanatory variables of the baseline model that have spatial variation with spatially lagged variables calculated using Moran's I and a neighbourhood criterion of 60 km. We focus on Negative Binomial and Zero
Inflated Negative Binomial models because, although the latter shows signs of misspecification according to the GoF Test, results from the Vuong Test (reported at the bottom of Table 3 ) indicate that it fits the data better.
[
INSERT TABLE 3 HERE]
The estimated marginal effects of the baseline model were as expected (see Arauzo et al. 2010) . They show the importance of agglomeration economies, the industrial mix, knowledge, population and institutional and geographical characteristics as determinants of industrial location. In contrast, education, commuting and the presence of small businesses were not statistically significant. Interestingly, most of these results hold when the geographical scope of these determinants is considered. However, there are also several important differences. First, agglomeration economies are no longer relevant.
Second, the effect of the industrial mix variables is the opposite. Third, proxies for commuting and, to a lesser extent, education now become significant.
Finally, marginal effects differ, sometimes considerably. All in all, these estimates show that using the baseline specification to make inferences about the determinants of industrial location may be misleading.
4) Conclusions
Consistent with the main tenets of the New Economic Geography, this paper shows that there is some geographical scope in the determinants of industrial location. Whereas previous empirical studies have typically resorted to explanatory variables measured at the available administrative level, in this study we explored the use of spatially lagged variables. Specifically, we estimated count data models on the number of new establishments created in each municipality of Catalonia (Spain) using covariates calculated for different distances and alternative spatial autocorrelation measures and compared these estimates with those obtained with variables measured at the municipality level.
Our results show that the best fit was achieved when we used spatially lagged variables defined by a neighbourhood criterion of 60 km. Admittedly, this figure may be subject to a certain pre-testing bias. Also, it may be different in geographical areas that have different characteristics (institutional, physical, legal, etc.) from the one investigated here. We will leave for future research the question of whether our conclusions hold for alternative settings (for example, if they are derived from discrete choice models and/or different correlation measures). In any case, our estimates soundly reject the usual practice of using administrative records as covariates without making some kind of spatial correction. This calls into question some of the conclusions from previous studies while supporting those based on microgreographic data. Note (1): REI stands for "Register of Industrial Establishments", OC for "Own Calculations", TB2005 for Trullén and Boix (2005) , IDESCAT for "Catalan Statistical Institute" and CCI for "Catalan Cartographical Institute". 
